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An Effective Algorithm for Subdimensional Clustering
of High Dimensional Data

Jong Soo Park': Do-Hyung Kim'?

ABSTRACT

The problem of finding clusters in high dimensional data is well known in the field of data mining for its importance, because cluster analysis
has been widely used in numerous applications, including pattern recognition, data analysis, and market analysis. Recently, a new framework,
projected clustering, to solve the problem was suggested, which first select subdimensions of each candidate cluster and then each input point
is assigned to the nearest cluster according to a distance function based on the chosen subdimensions of the clusters. We propose a new algorithm
for subdimensional clustering of high dimensional data, each of the three major steps of which partitions the input points into several candidate
clusters with proper numbers of points, filters the clusters that can not be useful in the next steps, and then merges the remaining clusters
into the predefined number of clusters using a closeness function, respectively. The result of extensive experiments shows that the proposed
algorithm exhibits better performance than the other existent clustering algorithms.
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%7) wiEoltt. 13yl dHeolEHE ZE &8 EoklA, el
B oA olx F A= E e A<Mt gho] DAl
ZA8tn YA FYe e ofF " "olx & JtF
Aol gt} J#A o| FEi2Hy duldFS E—VEJ
(feature selection) HA A3 1 Y& &0
AHgE7|E g1, 12] 2 #AL wlolE Ao AA
Hol g 54 Adws HdYsty, YA AAdEL Ho
HejA Fgoz kg sta atAlste oty 2y o ¥
3%, B3 A9E "E FE39 AL 2oz AR
o] £4% AL £ dth AAZ BE &8 HddA "
dole A & ¢ At A, & dojg I
dAE b Ad JFd #FEol & -’F A7l W&, 4
Exoz EA AYE AAsE Afde AR &4 <
st} S aego] AWz HA EeA "ok 1AL do]
Ei«] Z8l2Hdge g Wdoer REAA(subdimension)
rede F$E A4E £ ok (3" D2 Si}% )
oA A" HEL X-Y9 X-Z Py Fg%
BojFm 9ok HEL IA F IFLE o|FoAN 91‘4
9% 1Fe HEL YZo® WA HA 93, X-Z HHe|
M AZ 7hte] des & F Atk Hzd BHAM, &
EZ OF& TASle FEL 349y REAYY X-Y ¥
Holl 4 A2 shzbe] sinh o] oA HA 24 324
& zestd FY2HyL A HY 93 dHA7 Yo
A A Hu, zt Fe2Ho £ HAEY BFEALE 1
3o 226 ye A HB 3t 2HAE & F Avk
o]y g uAYY vlo|E g Frav e ¢AYFLES
CLIQUE[3], PROCLUSI1], ORCLUS[2], DOC[14] &°] $ith
2 =FdAE a9 dolEHE AU FEAYLRE
Zolx dolHE FexEHste UHE d¢sdt dol
HE 7t 82y WA w, AA galdez AHE A
Asle Aol ofl zt FEAH| wel d2A dgy ¥
BAQEY n8d AZE Adstd Jl7kg E22Ed b
ole|E A5 Hot Agkel ¢melF SUBCLUS(SUB di-
mensional CLUStering) &3 %4]& A& dagge
2 H|£3 BFd £ale ¢xzgEY PROCLUS[1¢ vl
s EAES AESGYG EEdMe REALS Foh
ol FY2HHs}E dnAFEY 5AFH EAHE 435
&

=
=
%l"

ﬂ |
[o ﬂll

2 (confusion matrix)& 7]4¥te 2 3= $A4 H]-E&(dominant
ratio)& AMgste FAEHHY FELE FA}UT ol
3 A¥E 548 Aotd &dxelE SUBCLUSY K-Means[7,
8], CLARANS[13], PROCLUS[1] 59 &z &E H 3

gelzEge A S5

A7z RoFEr.

B owgo F4E 083} 2o 28N E REAdoR

Fgste] At HolHE I LsEYse dudsae

-1)1

2% 54 AvE o8 JWoE 45 AMAL A=

& ¢318)EQ) SUBCLUSE 33dA Aty o] &ngF:
§ TRSE FFES AR A AF dolHd dE
A% Hrte 48dA BoEnh AT 5ddME ¢
2]

3
Fol g 22S 93, 35 A7 2ol da) AP

2. FEAY MY L2 Fe 54

¢28]E PROCLUS[)=

e HolelE aRHes &

daddets A2e YT PAL AXHAG ol LE

=29 CLIQUEI3] &gl

HEM 2o 2k e 2

HAHES Fohyn FEE WolA $4EE RAF 9]
o} 28}, ¢a8lE PROCLUSE F&¢2 Ndss 27
medoid(discrete median or representative)E9] $ X uw}
g Zeaey At geo] gk 4 ok A iR
R gl M FHAHH AWR HA @Eoittn woE

x59) HEL 2PdE
292 wAste] FoA

we e

o

34 ge 452 FAdten

, ¥38F PROCLUSE

o

3l

20 R

2B e EFHY medoid

498 A%de vesteln

1 Greedy rAlHE medoid? FREL 7H5381H o

gk 1l E &3

%7} medoid Al VT T
o2 e v FH2HY AAE wEJ vk
o] &x:gE& PROCLUSE

(1417} 2E =AY ORCLUSE

7)’dg ORCLUS[2]1¢+ DOC

2e28 g9 F4F0 B

21 Holg e A4 &3 FyPshA & AL TEAL I
¥ (covariance matrix)& ©]&3% 3 WE(eigen vector)E

Axrdie B oz TAE

Zojuzit), 28, ORCLUS
E 27 @AM AZ FH2EEY AFEY ofF #e
N54ge Z2HEZRY Azsid 23y FeAHEY

.’F
Eddoz A dolHE FPsHISE dag 2 FEALS Fob BUSHEE PHSE 3 AMA
Sig. 2eaHy gnedFee A% AL A4 9d  FUXEHYL FUVY A9 FEAAE AFE 2]
SoaEg 29 2HxE Aolg BAS Y BE g ot A4 A9 JFE ARs yAHoR dske )
oA Y . A
Ci ... ....
Ca ..0. :o?... .::. .::.
Z .‘.. ::
> > >
a) 339 Fael A e (b) XY BHozg %o (© Xz Auozg %9

(32 1) 8% F& YoMl Hd



o REAYow Zozith, ORCLUSE Zt Ze2E e
HEALY N5E 2 52 AdEy) i FeaHE

o] ME t& el FEAYLE ofFo B A

D17k 42 @ Wol vk DOC FAYFLS FA9E
medoidel FHE B Hobd RF J4A HES
el ZelzEel Sa st} FdsEEY FAE AN

e FAE &5t 44 % ol F¥aHHo €
H7hx A&sted] FAAE medoidE A3t} Monte Carlo
algorithm®] §422 g0z F& AWt U + 3
A B 35 YR wE fA4e Aol Huz 43
Azbe]l Aol gyo] 9k

3. Ex3AEE" d1a(F SUBCLUS

Agtd dugFy o]FL SUBCLUSEZ A, 3zt
4 HolEeE REXU(SUBdimension)o2 Fgate Fe
2B 3 (CLUStering)3l= 9ol do 2= nAle dib
AL 7AA A(point) 5ol L, AHEAZ} AASE HeE 435}

=

T

FHAHEY Ve kS & 2ULEH F BEHoE F

98 ALEY A% Lol o] FudFe 2 waw
PUEQ BF BAD AF PS AAE 80 ROE,

HA HES A2 Ny SY2HER e Fof, 0S¢
gte e ZFY2HERZ YEEE A (Y 2)d
TAARJ dngFol dEEH AUtk AAHZE A &
2 FAEY, 28 WA, B 9A, 2Eln HA gAZ o
Fojt. 27 dACdA nile dAHY HES A9 #e
Az xR ZY2HEZ Yt ¢x8d SUBCLUS
AqNE Zt Fe2Ed 9 MsE gFHez
Mg Z=E o oA, 7] B8 A5 hhy=A- k2
A9 B 4Y dojguolx Ao wel gk
gAd BE SAE AXY
d AeH o] Y A A (centroid)S 7HA A Erh

T2 @A B dAdNE Fe FHAHES AFA
A AAH R Fe2EY N7t FolEA Hrh *}%1}7}
ARG k7] SR2HET EA H9 B3¢ AFS 8
th o] GAAE Z ErxEdA FAE] AR "‘@5401

&% 7

DX 0l

s BEX HAEHE s AR ¢E|

ol

419

te 2
S AR Adst 7P 7k 28 aHC WAE
AR A olste AEE AAY AR e s
Ae Fo, W3t ol F2EHES AF A
1 227t 4 w7tx Al F FeaEHES @ 29
A% . FE2EHE Aol 2HE Al E
A nET FHH Ateld] A TEE FEAL
el 2AE FE AHE T
A A gAdAE ke SR2EEY
AAE AAdSL ZE FES AR
A2E e 297t ¥ PR RS .

-ELHE

& 4
% o o i

194‘15_1_4

FeAas F
AzHoz 2

Algorithm SUBCLUS(Z, /,,)
begin
ky=k.=A-k ; // initial number of clusters, 4,
(s1,, Ci,,Cy) = Partition (k) ;
while (k£.> k) do begin
(Dy, -, Dy )= FindDimensions(ke, lpg, Cy, -,
(51, .8 Cy, =, Cy) = AssignPoints (s, -,s4 Dy, -
(Cy, -, Cy, )= FilterClusters (k,Cy, -, Cy.);
k,=max (k;/2, k); // new number of clusters
(51,7, Sk, Cy, v+, Co, )= Merge (Cy,-+,Cy, kr, ks ) 5
ke=1l,;
end
(Dy, -+, Dy) = FindDimensions (k, Iy, Ci,,Ch) ;
LSk, C1, -+, Cp ) = AssignPoints sy, ,sp, Dy,
Ce)s

Sk,

C.) s
D)

(51, D)
return( Cy, -,

end

(38 2) ¥x2|& SUBCLUS

31 A 9 cbA @ 28 chA|(Partition Stage)

A 194 28 A E nlY 48 HES g9
S AHER Y, 24 848 &3 HEY AFTt
7HedtE #Yd3=E Foh. CHAMELEON[10]¢l A& =13

2& F&3te 2ol TAsle] HES BT o
71ME EY2HFY 28 34 F9 sl K-Means ¢
1 EFE o] &5t AUtk FAH C.8 T H(centroid) &
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2EFa7tE A4E BFn JQul7), (29 9% old o
& dneEe Jesta Yo

Partition(k)
begin
Arbitrarily choose k points, s,, -,
local-iteration = 0 ;
repeat
(Re)Assign each point to the cluster to which the point is
in the most similar, based on the mean value of the
points in the cluster ;
Update the cluster mean, s, i.e., calculate the mean

// by K-Means algorithm{7]

s, as the intial cluster centers ;

value of the points for each cluster C;;
local-iteration++ ;
until (local-iteration >= THRESHOLD or no change) ;
return (s, ,5¢ Cp, =+, Cp) 5

end

(32 4) =7| 28g $£5k= Partition &

K-Means €¢32l5¢] Al 53E7F Add TR 4,
Ao HEg& FE39 27 BA9 22HY FHHo2
AHEE L 2,13] o) AfelE AA ALE zE T
FH2HEe Edo] o|Fo|ALE AssignPoints FFE
Hgajof @) ko] K-Means Wiol wis] &HvF29] 22
2HEo] #d3tA HAYUA && FE YN F BA
o] S82E o U JFE XA Hrh o] BF A
Ao AfE pole Ee2HE0 YA HA =S 5
1, 283 4 ZexEd £33 HEY NeT ZoAES
= o] a#Aety £ R AMEEE K-Means 42
g&e ARF BRFEE Omind)d RE (2 494 repeat-
loope] m¥ Fst= A& gneta, oA HEY AT
B FTARE Fibe dAE my FYse Aot o &
T2 ste] HA 331’\513 %}5’—"4%‘9] T3 AJ7to|
¥ FojAYd A E 4 . olE #Adsts UgeR
2443 A5 FAD ZH%?“”J} FAH ANg FYES
3t A8 HEo] 2¥s+= ANE 2A 39 Agtw
&9 AA AY Alzdol| v FFo| HolARE I}
(29 4)9A THRESHOLD® #t& AAste dA§ 3¢
9] loope FHFEE AL, o] g i R 27l
X B o

£

e f
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32 & 2o cohA| 9 E chAl(Merge Stage)

& dAQ B dANA 4" HE0] ofF BE AFY
FHAHERZ 2L o] dAAME dste kY £
H2EEe] gg& d7tA d 7ie] &FE A4t HE 1
A& HEo|g g2 o] dACA dag v A g4
E& A3 At

BRAY 27] 5o 5ol HE BIRCH15]¢H ORCLUS
211 AF&3HE clustering feature?!, ZF S8 2Eo] &3
HEY A9 Flinear sum)# A|F H(squared sum)Ql LS

o} SSE ATl LS9} SSE ARSI 7t FeAE 9 H
Zo] Z} AYolA EXH AEE YehlE EF AxE A4t
3o, o] F& VTR 4 A FEAYE AR (2
g 5= o g5 dystn Yut. 248 8 4% T2
Cil
d/el 94428 FAH dx, ZF Dae LS;;= l;lpx',-i
AMETE A7IME p, e Colth BT, AF = He 4
29 AFgs AdTds A o)YdE bl Ao Autd
. CAA dNE FAE AF e jHUA daE SS,; =

LGl

2 P2 AdE 2828 o A dAAE FolA

rlr

] X 2¥Xd HEY Hdg(mean)E », ;= LS,/
| C; 12 AMNE 1, 21 ¥%F HAxKstandard deviation)Eo;; =

V(SS—1Cl - 22 )/(C | —1) 2 Atgd

FindDimensions (%, /,Cy, -+, C)
begin
for each cluster i do begin // linear sum, squared sum,
and standard deviation of C;

1C;) [fen}
LS;;= pr,and SS.;= Zp,,for p=C; and

1<j<d;

#i;=LS;/ICi| and ¢,;=V (SS;,—1Ci|- £ )IICI-1
for 1<7;<d;

D,’= D,

end

Pick the k-7 numbers with the least values of ¢;; subject
to the constraint that there are at least 2 dimensions
for each cluster ;

if o;; is picked then add dimension j to D;;

return (Dy,-,D;) ;

end

(22 5) st EAHUM 2EXAE = FindDimensions &t
EE ZYAHEY AA dAdoM He BEEE At

EF 9A4E o2xsog AHEE o, 2L g e Y

& Addle] g e FEAYLZ AHsA ol

AAROZ = ko179 AYE Adstn, A9 zpez |

A 7zt FH2EHAAM AY 2L §F AAE 2=
A9e AL drh 2 Foll k- (-9 E
#& A7) oz deste a3e TPE ez ¥
Bagoz Awch (29 DelA 2719 atgo] Mgy,
Gl &8 339 AEe BExde X, 77 53, o
o8 AEsE FEade X Y7 Ik

HN 4 o
o

=)
24

A WA @4 (29 69 AssignPoints ¥ 72 Eel&
12K "’S’“ (s,)% ¥-EAY D;E 13, 2 & M
Wb SARE e FYUSEHR WA do & A o,
o & %EiiEH T Atole] ATE Altde T
SegPdis (p,,s;, D;)2 %7133, Euclidean segmental dis—



tance? SegPdis(p,, s, D) = Z(p,,j—s,-,,-)z/w,wi A

gt} PROCLUSE medoidg FALE 78 7be 2812
Elo]l Hg AR, SUBCLUSE 44 (5,)¢ 710
Vg AWhE FE2He B& wiAsle AolHe] Utk 2
€ HEE 7 /b ZelaEo] A Fol, Merge &
oA 28 7k Fe2HY AY ¢ A ¥, 281 F
A& oAl Adgch

AssignPoints( sy, =+, 55 D1, =+, Di)
begin
for each i € {1,-,k} do C;= 0 ;
for each data point p do begin
Determine SegPdis (p, s;, D;) for each i € {1,--,k}
Determine the seed s; with the least value of
SegPdis (p,s;,D;) and add p to C;;
end
for each 7 € {1,--,%} do begin // linear sum, square

sum, and centroid
¢l

1Ci |
LS;; = Zl p.;and SS;; = Z}l %, for peC; and

1<j<d;
si; = LS;;/1C;) for 1<j<d;
end
return(s;, -,s8 Cy. >, Ci) ;
end
(02 6) BE MES2 SoAH| ASH= AssignPoints B

B o3 g 3 A GolA ojd Ze2E
A9 A7 R FAAY BE 2&5dE HE Y
Hol 9low, FilterClusters g o]d ZF¥2HE
BB 2 Hdste] o] Fo AgdlA AT HE
A T4 ARE BHsteE A5rE (28 DA fuw
%} 0,01 AFEATE I FHEE A AT 24 RE HE
Fraio™ 02} 1 Abol9] gto2 Fej2E7F HAE 7HAord
HEY AeE Hsted ASdrh fu, =010 AL o
| ZF2gd £ FE AFst B e 10% ol
g o= 2 FY2HE At AL JUET o,
Foagd 248 A5 4% ATE veEhgy] AT W
4 oz, o Furh oy 1 F¥AHE AAET &
F2aHdA Adgd FEAYES FF WA HYEHA
%L AYEe TFE AAY &2 o, 2 ANEY ST2H
ColA F-Eagle
ol et 2o R 79, 0}01 §k°] 2+ D, 709l B&
Hakso] H& 7414011 AHEET (2 DA o7t Atk
A Adg FEXLE) EFE HAL AUHRE ofF
ol 1 Feixgo] £ FFo] FAEH 9A &3
Aol ke A& gu gtk ALERIE AFIE fumt
Ouin®] #hol W WIE B4E O g HEe
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FilterClusters (%, Cy, -, Cy.)
begin
double fus, Oratio 5 / Fraoes 0013 0.1 Alole] 7k
O,aic’= 307 5.0 Atol9] F
ki = 0;
small = fup*n/ ke

for each cluster { do begin
1Dl

= > 0.,/ 2 0,;; // the ratio of standard
jieD, ieD,

deviations
if (1C;| >= small and o7; >= 0, ) then begin
Choose C;;
ket
end

end
if (k; < k) then
Select the (k— k) largest cost clusters from the
( k.—k;) remained clusters, where the cost of a
cluster C; is |C;| x o7;;
Reassign points of the discarded clusters into the
chosen clusters ;
return (Cy,,Cy,) 5

end

(38 7) 2™ i ofste| MES 2L URZIL &2
BYAHE HY5k= FilterClusters &

W3 84 (O 8)Y Merge 4 dgoz FolA
2 A9 FY2HES F2EHIY UFF 2 2A3
o 94 7y FYaEEo ¥E WA FHIHES W
gl ol F S 2EY 3ES AMdstd dlde A=
2 JeEE mxm $E2 DistMatrix® WHETh 3de| o
ZAAE FHog 9 AP siFsts FET ALErh
Uz #EL A FAHLE i g gAE 59
3 oz oFoAuR A ¢guth 7 282y %
C;9 7+A(distance)& A4FsHE g4 Closenessolth. ol
Froe dA F ZeaHe] REALY FF5E AHe]
JEAE Add, ek F5E A4e] gloed 7 FE4H
o] A4 Atolol A Euclidean segmental distance® A44sh
1 weighting factor gto2 AA A4 Al 45 F)
o34 Hd, £ $4"9 71382 945% Euclidean distance
7t B2t 3% akge) U ASels, T FEAYY Y

[e]

£ 71¥92 Euclidean segmental distance® T3+Z weight-
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ing factor2 @33 nIFY v|&E FshA ot whe,
T Sej2ge REAY] 2oy o] Hgo] 10| Ho 7HE
< Euclidean segmental distance7t E A% A3 w3
ol nlgo] 18t aW HFe] ¥ FALRT o AAA
"ot o] AWetd, 5 FElaEy FEALE T4 F
28 Aol oW g€&5E 7hA(distance) FolA| 1
37 god AL AXA Ik F FY2HDY 114
o] A&FE o WHIrtE A& gk

Merge( Cy, -, Ck,. ke, )
begin
m=k.;

Make an m x m matrix, DistMatrix[ i, j]
= Closeness( s;, s;, D;, D;) for i € j;
while (£.>%,) do begin
Find indices (i,j) such that DistMatrix[i,j] is
minimum from the matrix ;
Ci=C;UC;; // Merge the corresponding
clusters C; and C; into C;
LS; = LS;+LS; and then, s;,=LS;, /| C;l
for 1<x<d;
SS; = SS; + SS; and then,
0ix =V (SS,,—1Cil - s2O/(CiI—D) for 1<x<d;
Pick max(2, (|D,I+|D,|)/2) numbers with the least
values of o;, for 1<x<d;
D;= @ ; if o;, is picked then add dimension x to D;;
Discard C; and set the elements of DistMatrix[ ]
with index j to infinite, oo ;
Update the elements of DistMatrix[ ] with index {
using the function Closeness( ) ;
ke=k.—1;
end
return(s;, =+, 5. Cp, . Ca ) s

end

Closeness (s;,s;, D;, D;)
begin
if | D;N D;| = @ then do distance = SegPdist(s;,s;, D) xd ;
// d=\D|
else do distance = SegPdist (s;,s;, D; U D;)
X (I1D; U D;|/1D; N Dy1) 5

// distance between C; and C;

return(distance) ;
end

(3% 8) SHAEIE HESH= Merge 809 § SHAE7H
SHEE Ak &5

oz FxHY ALt 44 AFt 2 WA 2
(A Eg Wt 5 Fej2g Alols} 7% UF3 A
& T Z2H Alolg HAe] AY FL Aolmz FPH

DistMatrix®] €4 FolA Ad FL& 3L 7HAE %i
g~ g j& Tk ey, 7 Ed2E 8 e H
Hol BT & N2E Z82E 7t Bk tﬂ?&% S Bt
col &3 FEY A¥ if AR & FAH, 28 FE
24E At RERAE ANEEE U*X% 7} 29

ok
o 1o

PEd 459 g9 EF BAE AN o, o) T W
12 max(2, (D1 +1D,D/2 7Y ALe

Adstel Jzg FYH2HY CFEAYLT k. ogUA,
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